Abstract-A positioning optimization technique for non-lineof-sight environment is presented based on weighted orthogonal polynomial fitting technique and singular value decomposition. First, non-line-of-sight errors in TOA measurements are mitigated using weighted orthogonal polynomial fitting technique and the true range between the measuring terminal and the mobile station is approximated. Then the standard deviation of error in line-of-sight environment is exploited to give an optimal location estimation of the mobile station. Short-range measurements from movable measuring terminals are also included to overcome the performance limitation imposed by the measuring terminal bottleneck and translate the spatial reused benefits into positioning accuracy enhancement. Simulation and comparison results show that the proposed algorithm can get better performance measure and achieve high level of positioning accuracy in severe NLOS environment.
I. INTRODUCTION
In recent years location-aware service in wireless networks has become a hot topic. The knowledge of mobile station (MS) location has many promising applications, such as vehicle navigation, resource allocation, location aware information browsing and emergency communications [1] .
Received Signal Strength (RSS), Time of Arrival (TOA), Time Difference of Arrival (TDOA) and Angle of Arrival (AOA) are the most popularly used measurements in conventional wireless positioning algorithm. In this paper, we focus on the range estimation problem in TOAbased location technique. In the TOA-based location technique, the TOA method often required synchronization among measuring terminals (MTs) and a MS. However, the TOA estimation can also be implemented by using the "two-way time transfer" or the "double token exchange TOA" technique [2] and the strict synchronization is not necessary. The propagation time from the MT to the MS is then converted into range measurement. As a result, the MS position can be determined by a set of nonlinear equations using the range measurements from more than three MTs. In [3] the nonlinear equations are solved straightforward. In [4] - [6] those equations are solved iteratively. However, these approaches require initial location estimation and it is hard to guarantee the convergence. Other algorithms reorganize the nonlinear circular equations into a set of linear forms by introducing an intermediate variable, which is a function of the MS position coordinate, and the known relation between the intermediate variable and the MS coordinate are also included to improve the location accuracy. The measurements used for mobile location all come from line-of-sight (LOS) propagation and those with large errors are eliminated.
However, in an urban environment, there may be dense buildings blocking the LOS propagation from the MT to the MS. So signal may actually travel extra distance on the order of hundreds of meters due to reflection and diffraction. Hence the position estimation result will make the MS appear further away from the MT than it actually is. This phenomenon is well known to be NonLine-of-Sight (NLOS) problem. Specifically, when the MS is moving, NLOS errors may be intermittently introduced in the range measurements. In practice, the NLOS error is often comparable to the corresponding LOS component and the NLOS error may range from a small positive number to a few kilometers [7] , [8] .
In a NLOS environment, positioning accuracy of a MS can be severely degraded if a LOS algorithm is directly applied. To mitigate the impact of NLOS error, measurements with NLOS errors are first identified at the MT and then removed or reconstructed to give the final location estimation. Ref. [9] formulated the NLOS identification problem as a binary hypothesis test and proposed a decision theoretic framework. Ref. [10] presented statistical based techniques to distinguish LOS and NLOS propagation for various scenarios. Ref. [11] proposed a residual test that can determine the LOS MT and localization can proceed with only those LOS MTs. Ref. [12] proposed an effective technique to identify NLOS measurements and reconstruct the NLOS ranges to adjust NLOS-contaminated data close to corresponding LOS values based on apriori knowledge of the statistical characteristics of the system's standard measurement noise. Ref. [13] and [14] suggest removing NLOScontaminated measurements by comparing values of a residue function of data subsets. Ref. [15] developed a robust algorithm to detect LOS measurements that fall below the true range and use them to estimate the average LOS range over subinterval when the NLOS error is intermittently present. In [16] NLOS errors are reduced from NLOS measurements by a two-stage recursive filter that can estimate unknown constant biases and states. Ref. [17] identified NLOS measurements with the knowledge that NLOS error is much larger than the measurement noise and reconstructs the true range measurements using Kalman filter. However, these approaches only make use of measurements from three or more MTs and the additional information from short-range MTs are not included.
Nowadays, investigations start in connection with cooperative localization in order to provide location information with a high level of accuracy anywhere and anytime. Toward this end, [18] exploited the concept of cooperative localization by utilizing the additional information obtained from short-range links to enhance the location estimation accuracy is exploited. Ref. [19] presented a novel mobile location procedure based on the relaying capability of mobile stations in a hybrid cellular/peer-to-peer ad hoc network. However, the impact of the NLOS propagation and the location uncertainty of the MT are not considered in both scenarios.
In this paper, we focus on developing a positioning optimization technique to mitigate the impact of NLOS error and enhance the location estimation accuracy. The key contributions of our work are 1) the exploitation of an optimization technique in NLOS environment based on weighted orthogonal polynomial fitting technique and 2) the exploitation of a potential cooperative positioning scheme to substitute for the conventional localization scheme in severe NLOS environment.
The rest of this paper is organized as follows: The range reconstruction technique is presented in Section II. The positioning optimization algorithm in NLOS environment is discussed in Section III. The Performance measure for location estimate of MS is given in Section IV. Simulation results and conclusions are presented In Section V and VI, respectively.
II. RANGE RECONSTRUCTION TECHNIQUE

A. The Range Measurement Model
Taking the thermal receiver noise, signal characteristics and the NLOS excess path length error into account, the range measurement between the MT and the MS at time t can be modeled as
) (t d is the true range from the MT to the MS given by
where ( ) ( ), ( ) x t y t is the coordinate of the MS at time t and ( ) , x y is the coordinate of the fixed MT; ( ) n t is the standard system measurement noise; and ( ) t ε is the NLOS noise.
B. The Standard System Measurement Noise Model
The model for the standard system measurement noise is commonly modeled as a Gaussian distributed random variable with its probability density function defined as
where m σ is the standard deviation.
C. The NLOS Measurement Error Model
Generally speaking, the NLOS error tends to be the major source of error in the range measurements and has a far greater magnitude than that of the standard system measurement noise. An exponential model has been investigated in [20] and the NLOS propagation delay distribution is given by
where τ is the NLOS propagation delay; rms τ is the root mean square (RMS) delay spread represented as Four environment types and their corresponding parameters are listed in Table I .
D. NLOS Range Reconstruction Technique
Assume that there are M range measurements 
K is chosen such that sufficient samples can be included to give a relatively confident statistics and the range measurements over the subinterval do not change dramatically.
Then the M/K measurements in each group are sorted in ascending order while their indexes remain unchanged. The resulting group can be represented as 
And then we compare the variance series in each group with the standard deviation of measurement noise m σ and find the closest one to m σ . Also, we can determine which measurements in each group contribute to the closest value of variance. Finally, we calculate the weight factor of each range measurement by
where ) (t w is the weight factor of each range measurement representing to what degree each measurement is contaminated; 1 c is the number of times a range measurement is included to give the closest value of variances in M groups; 2 c is the total number of times a range measurement is used to calculate the variance series in M groups. Under LOS environment, the number of times a range measurement is included to give a closest value to m σ approximately equals to the total number of times it is used.
Then, a weighted orthogonal polynomial fitting technique is applied to approximate the true range and mitigate the impact of the NLOS error.
The reconstructed range measurements is given as
and the coefficients are decided by 
where ) (t w is the normalized weighted function; ) (t r is the range measurements; N represents the fit-order of polynomial and M is the sample number.
The coefficients for the weighted orthogonal polynomial is given by 
is the inner products [21] .
III. POSITIONING OPTIMIZATION ALGORITHM
In this section, we first describe a noise-free mobile location algorithm based on TOA measurements. Then we introduce the standard system measurement noise and the NLOS noise and present our proposed location algorithm.
Assume that there are N (N≥3) MTs available to measuring the time-of-arrival (TOA) for locating a MS. Since the wireless signal travel at a speed of light ( 
where 0 t is the time instant at which the MS transmits the signal and t is the time at which the MS signal arrives at the MT. Without measurement errors, the location of the mobile station can be estimated by solving the following set of equations: 
Where n is the matrix of the standard system measurement noise.
An optimization result of (12) can be given by 
represents an optimal variable vector and W is the optimal weighting matrix.
In the presence of only LOS errors, the choice of W for (15) is suggested in [4] . When there is a NLOS path between the MT and the MS, the squared value of ) (t r i can be given as
t n t t d t d t n t t n t t
The disturbance between the true range and range measurement is
r t d t d t n t t n t t
After mitigating the impact of NLOS error and reconstructing the range measurements by (7), the disturbance between the true range and range measurement can be approximated as 
The vector form of ( ) t η can then be expressed as
The covariance matrix of the disturbance is thus given as 
where
The choice of optimal weighting matrix W for (15) can thus be given by
Furthermore, when some movable MTs are included which have LOS propagation path with the MS, the matrix A is erroneous and the above optimization result does not give a good result. In this case, our goal is to find the optimization coordinate of the MS that satisfies ( ) ( )
A stable algorithm for the MS location problem would be using the singular value decomposition (SVD).
Let
, , ,
the coordinate of the MS is given by
Noting that
the solution of (23) 
IV. PERFORMANCE MEASURE OF LOCATION ACCURACY
A. Mean Estimation Error(MEE)
To measure the accuracy of our proposed positioning method, we use the mean estimation error (MEE) as the performance evaluation criterion. MEE is defined as the root mean square deviation of the mobile location estimation ( x , ŷ ) about the true location ( x , y ) and given by
B. Geometric Dilution of Presion (GDOP)
GDOP describes the effect of geometry on the relationship between measurement error and location determination error [22] , [23] . GDOP is dimensionless if all the measurements use the same unit as the position unit. In a 2-D case the GDOP will be defined as Var Var
Where R σ is either the RMS error common to all the measurements, or the square root of the mean square of the different RMS errors.
C. Cramer-Rao Lower Bound(CRLB)
The Cramer-Rao lower bound gives the lower bound on the covariance of all statistical estimators for a parameter. The bound is given in terms of the Fisher information and is related to minimum variance estimation and sufficiency. Ref. [3] gives the CRLB as ( )
is the coordinate of the MS to be estimated, ( ) I θ is the Fisher information matrix and is given by 
where ( )
x y is the coordinate of the i-th MT and ( , ) x y is the coordinate of the unknown MS.
D. Circular Error Probability (CEP)
Circular error probability (CEP) is defined as a circle, centered about the mean, whose boundary is expected to include 50% of the location estimation within it.
E. Cumulative Distribution Function (CDF)
The CDF of the random position error X is given by
where the right-hand side represents the probability that the random position error X takes on a value less than or equal to x.
V. SIMULATION AND RESULTS In this section, we present some examples to demonstrate the performance of our proposed positioning optimization algorithm for NLOS environment described in the preceding sections.
A. Network Topology and Simulation Parameters
The proposed optimization positioning algorithm for NLOS environment is discussed in a cellular network of hexagonal omni-directional cells. Fig. 1 shows the network topology and the radius of each cell is set to be 5km. The unknown MS is assumed to have an initial coordinate (1000, 2000) and move with a constant 
B. Simulation Results
Simulation is run with 1000 independent trials. And in the simulation, NLOS errors are assumed to be intermittently or severely introduced in the range measurements during observation time intervals. Fig. 3 shows the range approximation result by using weighted orthogonal polynomial approximation technique when NLOS errors are severe. It can be seen that our proposed NLOS errors mitigation and LOS range approximation method is also effective. Fig. 4 and Fig. 5 illustrate the GDOP and its contour map (a) without movable MTs and (b) with movable MTs. It can be observed that the position of the unknown MS can be estimated with a higher level of accuracy when short-range measurements from Movable MTs are included. This is due to the spatial reused which can be translated into positioning accuracy enhancement and effectively overcome the performance limitation imposed by the MT bottleneck. Fig. 6 illustrates the MEE performance comparison of the LS, CWLS algorithm, the CRLB of location error in LOS environment and our proposed method in NLOS environment. It is shown that in NLOS environment our proposed algorithm can provide satisfactory range estimation compared with positioning algorithms in LOS environment. Fig. 7 shows the distributions of the MS location estimates obtained by the CWLS algorithm using conventional range reconstruction algorithm in [12] and our proposed method. It can also be seen that our proposed algorithm can greatly improve the location estimation accuracy by approximately 30 m in terms of CEP. Fig. 8 gives the CDF performance comparison of the LS algorithm, CWLS algorithm based on range reconstruction and our proposed algorithm. It is shown that our proposed method outperforms the other two algorithms and can provide better range estimation. In this paper, we present a positioning optimization technique to mitigate the impact of NLOS error and enhance the location estimation accuracy based on weighted orthogonal polynomial fitting and singular value decomposition (SVD). Short-range measurements from movable MTs are also included to overcome the performance limitation imposed by the MT bottleneck. Simulation and comparison results indicate that the proposed technique can effectively mitigate the NLOS errors in the range measurements and exhibit positioning performance improvement. When short-range measurements from movable MTs are introduced, the spatial reused benefits can be translated into positioning accuracy enhancement in severe NLOS environment. 
